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ABSTRACT

Williams, Noel, Ph.D., University of South Alabama, December 2021. An Algorithm for
Identifying Episodes of Learned Helplessness in a Computer Assisted Learning Tool: A
Structured Query Language Task. Chair of Committee: J. Harold Pardue, Ph.D.
In a world interrupted by a pandemic, the stresses created by rapid development
of remote learning processes have reinforced the need for an effective proxy for direct
observation of the learning process. Computer Assisted Learning (CAL) tools provide a
comprehensive, remote, asynchronous learning environment. A limitation of these
systems is the relative lack of real-time insight into the learner’s cognitive and emotional
processes. What is needed is the ability to identify that a learner is struggling, frustrated,
and in need of an intervention by the instructor. In this study, Learned Helplessness (LH)
is used as a metric for frustration and as an indicator that a learner is struggling. LH is a
phenomenon that consists of three parts: contingency, cognition, and behavior. The goal
of this study is to develop an algorithm to identify, in real time, learner behaviors
associated with LH. LH behavior is defined as the learner submitting a series of identical
or nearly identical Structured Query Language (SQL) statements in response to receiving
an error message from the CAL tool. Three types of errors are identified: syntax, SQL,
and logical. The focus of this study is on logical errors because these types of errors
benefit most from an intervention by an instructor. The algorithm was developed through
quantitative and qualitative analysis of historical exam data from the CAL tool. The
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algorithm identifies an episode of LH as the point at which a learner submits 5
consecutive incorrect SQL statements where the average change in the SQL statements
over a series of 5 submissions is less than or equal to 5 characters, or the 5/5/5 rule.
Accuracy of the algorithm is defined as the degree to which the algorithm identifies
learners who exhibit LH behaviors during an exam and subsequently self-report a
tendency to LH as measured by two well established survey instruments. Initial results
indicate an accuracy of 82%, that is, 82% of the learners identified by the algorithm as
exhibiting LH also self-reported a tendency to LH. However, a qualitative review of the
episodes of LH identified by the algorithm revealed that some of the episodes were the
result of syntax or SQL errors, and not logical errors. When these episodes were
removed, the accuracy of the algorithm increased to 92%. These results support the
conclusion that an algorithm can be developed that alerts educators that a learner is
struggling and in need of an intervention. Future directions for research include studying
the impact of real-time instructor interventions and the impact of real-time tuning of the
parameters of the 5/5/5 rule on learner success.
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CHAPTER I
INTRODUCTION

1.1 Motivation
Motivations are like perspectives, for most people, they change over time. The
motivation for this research evolved from the researcher’s direct observation of and
desire to mitigate the negative effects of the phenomenon under study: learners
attempting to solve Structured Query Language (SQL) problems using a Computer
Assisted Learning (CAL) tool, frequently get stuck on a problem and respond by
repeatedly submitting identical or nearly identical SQL statements to the CAL tool
interface. This reaction and sense of being stuck or frustrated can be described as a
dysfunctional coping strategy [1] which is a form of Learned Helplessness (LH) [2].
Other instructors in the researcher’s department consistently reported observing this
behavior, providing anecdotal evidence for the existence of this phenomenon. And like
the researcher, other instructors developed interventions to enable learners to move past
this behavior and progress towards a solution. However, an intervention is only possible
if an instructor is aware of the behavior and is available to intervene. The question then
arose, can an algorithm be developed and implemented in the CAL tool that identifies
this behavior, thus providing a prompt to the instructor that an intervention may be
required.
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The context for this question is a third-year college course, Database Design and
Development, which is offered by the University of South Alabama [3]. The course
covers the fundamentals of database design using SQL. The SQL CAL tool used in this
study is the SQL Exercise System, which was developed in 1996 as an online learning
tool. The tool is used in undergraduate and post-graduate courses when the understanding
of query language is needed. An assumption of this study is SQL is best taught in the
context of learning fundamental problem-solving skills. In this course, learners are
encouraged to understand the problem before trying to solve it. The CAL tool includes a
wide variety of problem sets designed to teach progressively more complex problemsolving skills using SQL. Similar to teaching mathematics [4], the overarching teaching
strategy is constructivist: start with a simple query and incrementally add new syntax,
functions, or constraints until a complete solution is accomplished. The instructor
provides structured feedback as the learner progresses through each stage of solution
development. The CAL tool interface can also be designed to provide structured
feedback.
A strength of CAL tools is the ability to provide the learner with real-time,
structured feedback as part of the stimulus-response interaction between the tool and the
learner. The structure of the feedback is frequently based on lookup tables, predefined
rules, and data structures. However, a largely unexplored power of CAL tools is the
ability to provide feedback to the learner based on inferred higher order cognitive
behaviors: much like the inference made by instructors when they are present with the
learner and can look over their shoulder during class. In this study, an algorithm is
developed that analyzes real-time data looking for episodes where the learner is stuck.
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There are many reasons why a learner may get stuck working a problem. A
learner may suffer an instance of disengagement [5][6] and not know where to start. A
learner may simply be lacking sufficient skills or knowledge needed to master the task
and does not know what to do. Commonly students get stuck because they encounter an
error beyond which they are capable of advancing. In the context of learning SQL, there
are three types of errors considered in this study: a syntax error, a SQL error, and a
logical error. A syntax error is defined as any error in the SQL syntax such as a
misspelled word, improper reference to a table or column, or a mis-ordered or poorly
formed statement. A SQL error is defined as an error in the use of a predefined SQL
function such as DATEPART() or DATEADD(). Logical errors represent a learner’s lack
of understanding of the underlying logic of the solution. The focus of this study is logical
errors because a learner’s understanding of the underlying principles is not only critical to
mastery of SQL, but critical for mastering database design and development.
A common logical error occurs when learning the JOIN operation. Learners often
do not correctly establish the primary key/foreign key relationship between tables. This
is a logical error because it does not throw an exception, but rather does not return the
correct result set (assuming the query does not also contain a syntax or SQL error). A
common result set is a Cartesian product. Properly forming the JOIN operation requires
understanding syntax and several underlying principles of relational databases. Consider
the problem depicted in Figure 1.
The tables Departments and Employees are linked via associative values held in
both tables. In this example, the attributes “Departments.DepartmentId” and “Employees.
DepartmentId” contain the associative values. In the Departments table,
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Figure 1. Basic Join Logic.

DepartmentId is unique, or only exists once, serving as the Primary Key, which is
guaranteed to be unique throughout the table. The “DepartmentId” in the Employees
table is not unique. It can exist more than once in the Employees table, serving as the
Foreign Key, which means it is used as a key to another table with which this row or
record is associated. The JOIN ON syntax represents the selection constraint because it
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stipulates that only the pairs of records for which the primary key and foreign key values
are equal should be returned in the result set. This can be expressed using a WHERE
clause as well. The JOIN ON syntax can be seen in Figure 1. The same query using the
WHERE clause is depicted in Figure 2.

Figure 2. Basic Join Logic Using the WHERE Clause.

Although it is possible to construct a correct JOIN operation without an
understanding of the underlying principles, not having that understanding is frequently
the cause for creating logical errors related to the JOIN operation. If learners do not
understand the concepts of primary and foreign key, one-to-many relationships, or how a
JOIN operation is essentially a Cartesian product with a selection criterion, the syntax is
completely arbitrary and impossible to debug. And therefore, these learners tend to get
stuck or possibly lose focus on their goal. This study examines the phenomenon of
coping competency, which is a form of Learned Helplessness, when there seems to be a
conflict between Relational learning and Non-linear learning objectives [7]. The
relational method is simply stated as the big picture view where the knowledge of how
pieces fit and work together is better than understanding a piece of the problem. Nonlinear learning is a check list approach that looks at joining pieces of a puzzle together
without knowing what the goal is. The challenge of solving any problem is to first
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understand the problem. SQL development, though like a process, requires dedicated
work and study to master the fundamentals of query development.

1.2 Phenomenon
The concept of “Learned helplessness is a phenomenon containing three
components: contingency, cognition, and behavior. Contingency addresses the
uncontrollability of the situation. Cognition refers to the attributions that people make
regarding their situation or surroundings of which they are a part. Behavior allows
individuals to decide whether they will give up or proceed with the obstacle set before
them.”[8] Learned helplessness in some instances is seen as a form of depression and the
sense of uncontrollability as a factor in the phenomenon that triggers anxiety [9]. The
person no longer sees a connection between their efforts and the desired outcome.
In the context of learning SQL, the learner no longer sees a connection between
their formulation of the SQL expression and the desired result set. The learner’s behavior
of repeatedly submitting the identical or nearly identical SQL statement to the CAL tool
interface closely resembles the dysfunctional coping strategies of behavioral
disengagement and avoidance [10]. People who engage in these coping strategies tend to
have low resilience to feelings of helplessness and therefore tend to exhibit higher levels
of learned helplessness. These coping strategies can buffer the effect of stress associated
with the triggered anxiety but do not tend to lead to a positive outcome. Submitting the
identical or nearly identical SQL statement to the CAL tool interface allows the learner to
disengage from the cognitive task of solving the problem and to avoid acknowledging
they cannot solve the problem, but it does not bring them any closer to a solution. The
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learner is said to be in a “Cognitive Dysfunctional State” (CDS), that is, the learner is
cognitively immobilized and appears to expect some external force or agent to intervene.
The comparative characteristics between LH and CDS episodes are similar, and the
algorithm could be used to identify either situation. In the classroom, that agent can be
the instructor. The goal of this study is to determine if an algorithm can be developed that
detects the occurrence of LH or learner CDS and alerts the instructor.

1.3 Research Question
Learning the proper formulation of an SQL JOIN statement requires both mastery
of the syntax and the underlying concepts of a relational JOIN. Students often learn the
underlying concepts by doing; in fact, this is often encouraged by design. However, until
the learner grasps the underlying concepts, they may experience severe stress and even
give up, exhibiting Learned Helplessness behaviors. Because CAL tools collect timestamped data on intermediate submissions, it is possible to analyze the entire submission
stream for patterns that could indicate the occurrence or onset of learned helplessness.
Therefore, the research question of this study is: can an algorithm be developed that
identifies in real-time episodes of learned helplessness within a CAL tool used for
learning the Structured Query Language?

1.4 Expected Contribution
The ultimate goal of this effort is to provide a perspective for understanding. As
educators there has always been one given, “You cannot fix it until you know it’s broke”.
This work hopes to provide insight into that condition. An algorithm designed to monitor
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and identify impending LH or learner CDS as they are created. The knowledge of an
impending failure before it actually occurs could be life changing. The concepts of
preemptive intervention open up untold avenues to improve learning for any environment
that has or could have a measurable stream of data. The parameters of the algorithm can
be tuned for different environments based on empirical examination of submission
streams.

1.5 Organization of Dissertation
This body of work is organized as follows. There are six chapters starting with the
introduction which discusses the phenomenon in broad strokes. Chapter II relates the
work done by other researchers on similar topics. Chapter III describes the methods used
to compile and analyze data collected to investigate the topic. Chapter III lays out the
hypotheses developed related to the research. Chapter IV explains and describes the data
collection processes and experiments conducted to support the hypotheses described in
Chapter III. Chapter V contains the analysis of the data collected. Chapter VI provides
the results of the research and discusses the conclusions that resulted from the analysis.
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CHAPTER II
RELATED WORKS

The problem described in Chapter I consists of four facets. Each facet will be
examined and discussed below. First, the Theory of Learned Helplessness provides a rich
psychological perspective for understanding how and why learners are unable to progress
toward a correct solution. Second, it is necessary to examine the concepts of learning and
what drives the learner in how they collect and formulate decisions as part of the learning
process. Third, it is critical to identify predictors that could provide early indicators
related to the potential for success of a student in the study of SQL. Fourth, is the use of
CAL tools in education and how these tools are used.

2.1 Learned Helplessness
There have been numerous studies related to Learned Helplessness. This section
looks at just a few of these and relates their goals and conclusions back to the
phenomenon addressed in this study. Firmin et al. [11] conducted a study on Learned
Helplessness with a specific target of the effect on test taking. They brought forward an
approach that Learned Helplessness is a combination of three factors: contingency,
cognition, and behavior. Their study attempted to create a situation of Learned
Helplessness amongst students in a testing environment. The theory in test
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taking was if students faced the most difficult questions early, would that destroy the
student’s confidence student to the point of triggering Learned Helplessness? The study
confirmed that students who had harder questions first, struggled on the easier questions.
The control group, who had the easy questions first followed by harder questions
responded better by answering more questions correctly. This study supports the assertion
that solving SQL problems should be done so incrementally, beginning with small easy
steps. It also affirms that solving SQL problems creates situational stress.
Online learning is becoming more common in today’s higher education academic
environment. Sadiq et al. [12] presented research related to the online learning
environment. The research centered on an online application designed to share
knowledge about the education of database development and design. The system,
referenced as SQLator is similar to the CAL tool used in this study. It sets up the
framework for a web-based application that allows the student to practice writing SQL
queries. The system allows the student to create and execute the queries. It parses these
queries and returns a result to let the student know when the query satisfies the problem.
One of the advantages to a system like this is the ability to influence the knowledge
transfer. It is an example of constructivist learning methods.
Abramson et al. [13] extended the concept of learned helpless and conducted
nonhuman experimentation in which the test subjects were subjected to electric shock
when they did not perform as desired. The experimentation led to the test subject refusing
to make decisions, exhibiting characteristics of avoidance and lack of engagement. They
used this study to pivot into human nature and how humans react to stressful situations.
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2.2 Learning Methods
Kay et al. [14] conducted research on problem-based learning while focusing on
foundation courses in a school of computer science. They found that the problem-based
learning methods showed significant improvement of skills developed and retained as
compared to non-problem-based learning methods. The research provided an interesting
and yet anticipated conclusion, which was that an integrated curriculum is more
desirable. This would prevent the compartmentalization of skills.
Justice et al. [15] conducted research on course design and teaching methods
using inquiry learning. Inquiry or inquiry-guided learning is presented as a cycle, starting
with taking responsibility for learning. The process is an effort consisting of selfreflection and evaluation. The stages of the inquiry are 1. “Engaging a topic and building
basic knowledge”, 2. “Developing a question”, 3. “Anticipating possible answers and
determining relevant information”, 4. “Identifying resources and gathering information”,
5. “Assessing information”, 6. “Weighing evidence and synthesizing understandings”, 7.
“Communicating new understandings”, and 8. “Evaluating success”. The inquiry
methods proved effective for a course, but the methods for the qualitative analysis were
vague.
Connolly and Begg [16] asserted that educators should strive to develop attainable
objectives when developing course curricula. The teaching of database development is no
different, the primary objective is to instill knowledge and a desire to master the skills.
Simple objectives are defined such as understanding the principles related to database
development, developing analytical and critical thinking skills, fostering the desire to
learn, and providing a guideline for development and the ever-changing framework
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related to the study of database development and design. Connolly and Begg also
discussed the need or desire to instill or enhance the hard and soft skills needed for
success. The basic skills are analytical, those skills needed to gather and understand
requirements in a project team environment, skills to conceptualize a database design
driven from the requirements, the ability to “map a conceptual model to a logical/physical
design”, and to measure the success or effectiveness of the design. Connolly and Begg
went to great lengths to understand the skills needed for success. The skill types are 1.
Intellectual, 2. People, 3. Business, 4. Personal, and 5. Domain. Of these skill types, a
question was presented to help understand them, can the skill be taught or is it only
developed with experience? The research suggested that this approach needed a mature
learner and should not be used with first- or second-year undergraduates.
Chen and Ray [17] conducted research to identify and enhance the transfer of
learning from the academic environment to the workforce. In this study, two thoughts
that were posed align this research with the work of teaching database concepts and
methods. The first was whether the student could solve basic problems using database
application tools. The second was were there any identifiable problems noted between
individual and group efforts. The research concluded that the students that learned
through systematic tutorial procedures did not have the abilities to solve basic problems.
The research further concluded that the group-based problem-solving participants did not
perform any better than the individual efforts.
The constructivists developed the modified education paradigm. Ben-Ari
[18] described the constructivist paradigm as follows: 1) “Ontological reality is at best
irrelevant. Since we can never truly ‘know’ anything, ontology cannot influence our
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educational paradigm.” 2) “The epistemology of constructivism is non-foundationalist
and fallible. Absolute truth is unattainable, so there is no foundation of truth on which to
build knowledge is constructed by each individual and thus necessarily fallible.” 3)
“Knowledge is acquired recursively: sensory data is combined with existing knowledge
to create new cognitive structures which are in turn the basis for’ further construction.
Knowledge is also created cognitively by reflecting on existing knowledge.” 4) “Passive
learning will likely fail, because each student brings a different knowledge framework to
the classroom, and will construct new knowledge in a different manner. Learning must be
active: the student ‘must construct knowledge assisted by guidance from’ the teacher and
feedback from other students.” This paradigm lends support to the concept that
incremental learning is an effective way to teach database methods and procedures.
Ferdig [19] recognized the need to synchronize the use of technology as it applies
to learning. The literature review focused on three points, “good pedagogy”, “good
people” and “good performance. These three positions represent the perspective of the
use of technology in education. One of the interesting outcomes of this work was that the
first two points are required and tended to support the existence of the other. Simply
stating that a strong or solid curriculum will help teachers do well. In the same line of
thought, the review also suggested that strong teachers will strengthen the pedagogy. The
third focal point, performance, is not linked to the first two, at least, not directly. In other
words, the performance is not dependent on the first two. The effort was very receptive to
using and leveraging new technology in the efforts of teaching. Pointing out that cutting
edge technology may be new and inventive, but might not be a good fit for the goals of
learning. One of the goals for new technology is to engage the student in the learning

13

process, to stimulate the drive to acquire knowledge. Additional suggestions for the use
of technology in learning, to provide interaction with others.
Normalization of data is a fundamental process that focuses on the reduction of
duplicated information or data in a database. Traditional methods have been to observe
the data using SQL queries of the data to be normalized. Queries created to review and
identify the replicated data. Ram [20] discussed the traditional method used to teach
normalization and introduced the use of new technology to examine the normalization of
data in new ways. The internet provides numerous resources for online learning. New
technology and tools provide for new methods of teaching normalization. The research
discussed the advantages and disadvantages of traditional teaching methods as well as
those of the online methods. They pondered which method is best, but did not have
quantitative evidence to support either side. Going forward, it is suggested that a blended
approach will be the prevalent method for teaching normalization. This research touches
on the process of educating and reflecting on the effectiveness of the teaching methods. It
would have been a good opportunity to address the learning process and more
specifically the problem-solving processes supported by the traditional and online
methods.
Hung and Zhang [21] conducted research using data mining techniques to
evaluate the effectiveness of students enrolled in an online business course. The research
specifically looked at the behavior of the students. The researchers came up with three
research questions: 1) “What are the typical online learning behaviors of undergraduate
students in Taiwan, as discovered through data mining techniques?” 2. “What are the
typical patterns of online learning behaviors of undergraduate students in Taiwan?” 3.
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“What are the most important predictive indicators for learning outcomes of
undergraduate students in an online learning environment in Taiwan?” The research
followed ninety-eight students over a six-week window of study. The data used in the
study were nearly 18,000 server logs collected from the systems. Sample information was
gathered to determine common descriptive statistics like, frequency of logins, last login,
frequency of accessing course materials, number of postings to the system, number of
chat sessions or discussions held, and number of messages read. This information is well
suited to determine the use of the system. The data mining efforts provided a clear picture
of usage, especially usage related to time. This research strengthens the data mining
theories that were used to identify student behavior.
Yates [22] provided interesting research into identifying students with learned
helplessness in mathematics. The relevant application of this study is the relationship
between mathematics which is a problem-solving exercise and the CAL tool used in this
study. Though the study did not create a direct connection from the Student Behavior
Checklist (SBC) and LH, it did establish the worthiness of the SBC in studying LH as it
relates to motivational reasoning for problem solving strategies.

2.3 Predicting Success
Yukseltuk and Bulut [23] conducted research looking for predictors of success in
online education. They focused on two research questions. First, to investigate if there are
characteristics that can be identified as predictors of student success. The characteristics
observed included demographics of students, motivational beliefs, and self-regulated
learning components. The demographics included things like gender, age, educational
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level, and learning style. The self-regulated learning components included cognitive
strategy use and self-regulation. Motivational beliefs include intrinsic and extrinsic goal
orientation, task value, control beliefs, self-efficacy, and test anxiety. The second
research question investigated the opinion of the instructors toward the factors that affect
the success of students in online courses. Through the research, they discovered that
women tend to do better with online education than men. The study revealed that gender
does not provide a statistical advantage for either men or women, but it does shed light on
the perspective the genders take toward online education. In most cases, women view
online education as collaborative interface to learn through open communication, while
men see it as a medium used to disseminate educational principles. Men also see this
delivery method as a competitive environment and as such may impact their success. This
study lacked substantial support for predictors of success. The research did indicate that
self-regulated learner characteristics had a significant impact on the success of the
student.

2.4 Computer Assisted Learning
Learning tools have always been a part of the educational process, but with the
advent of computers and the world wide web, face-to-face interaction with these tools can
be replaced or augmented with virtual classrooms [24]. Computer Assisted Learning
Tools have been an integral part of this virtualization. There have been many studies
conducted on CAL tools, but none could be found on the use of CAL tools integrated
with the ability to identify LH episodes in real-time. Much of the research falls into two
categories: 1. How to Develop Effective Online learning processes, and 2. Discussion of
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the changes in education methods with the continued dependence on CAL tools. For
category 1, success in learning, the research tends to affirm that a constructive approach
where the learners build upon already understood factors is favorable for learning. The
efforts for effective design and development of an effective CAL tool have been
presented in several studies [25][26][27][28]. Category 2 is interesting because it is a
discussion of methods in education and how to adapt them to on-line learning. These
methods include constructivism and how behaviorism and objectivism are merging into a
better understanding of the constructivist approach [29][30]. This line of research also
referenced a continued need for case-based instruction [31].

17

CHAPTER III
ALGORITHM AND HYPOTHESES

3.1 Algorithm Development
The algorithm was developed using a bottom-up approach, that is, development
began by manually searching for episodes of learned helplessness in the historical
submission stream data generated by the CAL tool.
The CAL tool collects data from every submission made by the student as
described in Table 1. The unit of analysis for developing the algorithm was the entire
submission stream for a single exercise for a given PersonID/ExerciseID pair for an
exam. Exercises for homework assignments were not analyzed because they lacked
situational pressures like time constraints and they also allowed the learner to exchange
information with other learners. A learner (PersonID) has zero to many submissions for a
given query problem (ExerciseID). A submission stream was manually examined from
the first to the last entry. Submission sets were sampled by examining those submission
streams that had a large number of submissions and did not result in a correct result. The
researcher essentially “looked over the shoulder” of previous learners who appeared to be
struggling and did not get the correct result.
From this sample of submission sets, a set of submissions in which learners
posted a series of SQL statements that were identical or nearly identical and appeared to
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Table 1. SQL Data Collection Table Structure
Column Name
Data Type
ExerciseResponseID Integer
PersonID
ExerciseID
ExerciseResponse
SubmitTime
ErrorClass
ErrorLineNumber
ErrorMessage
Correct
SessionID
CarProd

Description
Unique identifier for the table (Primary Key) assigned
by the database.
Integer
Relationship value representing the student (Foreign
Key to Person).
Integer
Relationship value representing the question or
exercise (Foreign Key to Exercise).
NVarChar(4000) The query submitted by the student.
DateTime
Date and timestamp of when the query was
submitted. Clock is managed by the SQL server.
Integer
Error class returned from the database on error.
Integer
Describes the line of the submission that the error
exists.
NVarchar(500)
The error message generated by the submission
when executed.
Bit
Boolean Flag to identify if the submission correctly
solves the exercise or problem.
NChar(500)
The web session identifier assigned when the
browser session was created.
Bit
Boolean Flag used to indicate if the submission
would create a Cartesian Product.

be episodes of learned helplessness were examined. This is referred to as the
study data set. Two faculty members with extensive experience teaching the database
class were asked to independently review these sets of data streams. The faculty members
unanimously agreed that the submission streams in the study data set represented the
phenomenon observed in class when a learner is stuck and apparently experiencing
learned helplessness. Therefore, the study data set became the basis for the initial
development of the algorithm.
After the qualitative content analysis was used to identify a set of episodes, a
quantitative analysis was conducted to determine if there exist patterns that could be
represented in algorithmic form and empirical values that could inform how to
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parameterize the resulting model. The first parameters examined were descriptive
statistics and the complexity of each query in the data set. Complexity is measured as the
average number of submissions per exercise across the study data set. These statistics are
depicted in Table 2.

Table 2. Question Complexity by Submission

ExID
951
952
953
954
955
956
971

Min
Submissions
1
1
2
1
3
1
3

Max
Submissions
40
17
24
43
63
58
99

Complexity
(avg)
10.70
5.22
7.22
12.57
20.78
8.39
16.87

JOIN Query
Yes
Yes
No
Yes
Yes
No
Yes

The assertion that JOIN operations are more complex and require significant
understanding is supported in Figure 3. The graph depicts the number of submissions for
each question on a historical examination and correlates with the data in Table 2. The
graph depicts an increase in the number of submissions for all JOIN related questions.
This supports the perceived complexity of the examination question when comparing the
distance between the standard deviation and the maximum graph points. The data suggest
a lack of understanding more so on the JOIN questions than the others.
Using the definition of learned helplessness as the learner repeatedly submitting identical
or nearly identical query statements, the amount of change between query submissions in
the data streams was explored. This difference is called the delta and is defined as the
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difference in character count from one query submission to the next. The submission of
an identical query statement results in a delta value of zero.

First Look at Responses by Question
120

80
60
40
20

Student Submissions

100

The large deviation from the mean
appears to signify the students

0
951

952

Exam Questions

953
Min

954
Max

955

956

971

Avg

Figure 3. Graphical View of Submitted Deviation.

All whitespace was eliminated from the submitted query prior to calculation of the delta
value to provide consistency, therefore removing any impact formatting could have
caused.
Before examining the study data set, a data stream for an exercise was identified
that illustrates the prescribed manner of formulating a correct solution. That is, delta was
first examined for a case where a learner progressed to the correct solution in a deliberate,
iterative manner consistent with the constructivist teaching approach. The purpose of this
was to provide a visual, affirmatory contrast to the expected pattern associated with the
dysfunctional coping strategy. In the graph in Figure 4, the learner developed the correct
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solution in 11 submissions. The class average for the number of submissions for the
question was 13.6. The example drawn for Figure 4 was only slightly below the average
submissions, while the learner’s actions presented in Figure 5 are representative of a
dysfunctional coping episode. Here the learner attempts 34 submissions, which is nearly
three times the class average. The initial large delta represents the first iteration, followed
by minor changes, and then the final iteration to a complete solution. The information in
Figure 4 and Figure 5 are shown with the number of submissions on the horizontal (X)
axis and the delta or change represented in the vertical (Y) axis.

DELTA FROM PREVIOUS SUBMISSION
Correct Solution = SELECT fname, lname

40

1

1

2

0

0

3

11

13

17

30

37

59

FROM tjemployee, tjproject, tjworks_on
WHERE tjemployee.dno = 5
AND tjemployee.ssn = tjworks_on.essn
AND tjproject.pnumber = tjworks_on.pno
AND tjproject.pname = 'ProductX'
AND tjworks_on.hours > 10;

3

4

5

6

7

8

9

10

11

Figure 4. Constructive Approach for Submissions.

A cognitively immobilized learner in CDS should have one or more periods of
submitting nearly identical submissions in a relatively short period of time. The graph in

22

Figure 5 illustrates this pattern. Rather than building up to the first initial iteration, the
learner typed in a large section of syntax and hit the submit button.

DELTA FROM PREVIOUS SUBMISSION

33

64
6

6

6

6

6

3
0

0

0

0

0

0

0

1

4

6

6

5

5

5

6
4
2
0

0

2
0

0

Dysfunctional
coping

11

13

Dysfunctional
coping

44

55

Correct Solution = SELECT fname, lname
FROM tjemployee, tjproject, tjworks_on
WHERE tjemployee.dno = 5
AND tjemployee.ssn = tjworks_on.essn
AND tjproject.pnumber = tjworks_on.pno
AND tjproject.pname = 'ProductX'
AND tjworks_on.hours > 10;

Figure 5. Speculative Approach for Submissions.

This approach is often described as “coding by speculation.” From there the learner
submitted a series of SQL statements that were identical or nearly identical. At
submission 22, the learner again made a substantial change (more speculation) and
perhaps returned to a dysfunctional coping strategy. The learner started over again but
was unsuccessful in arriving at the solution. The number of submissions is unusually high
at 33, which is nearly triple the class average. The high submission count can be an
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indicator of confusion, but when the submission size varies by small amounts especially
submissions with no change for an extended number of submissions, it is hypothesized
that it is an indicator of a dysfunctional coping episode.
All submission streams in the study data set were examined in this manner. There
was substantial variance in the amount of each delta and the number of nearly identical
submissions (submissions with a low delta) across the data set. However, direct
observation suggested that a delta of 5, that is a change in character count of +/- 5, was
typical in the data set. Further, a series of 5 submissions with a delta equal to or less than
5 appeared to be a conservative threshold for identifying episodes of learned
helplessness. This gave rise to proposing the “5/5/5 Rule” for identifying episodes, that
is, a learner was deemed to be exhibiting a learned helplessness associated dysfunctional
coping strategy after submitting 5 consecutive query statements with an average of the
absolute delta value less than or equal to 5 for 5 consecutive instances. This is essentially
a running average with a fixed denominator rounded to the nearest whole number.
Dysfunctional coping episodes would be suspected when the running average of the last 5
delta values is at or below 5 for 5 consecutive submissions. The 5/5/5 values are the
three parameters that are applied to the algorithm to determine if the learner has entered
into a dysfunctional coping episode. In the algorithm, the three parameters are referred to
as Window/Threshold/Duration. The Window refers to the number of submissions to
include in the running average. Threshold is the watermark or cut score that the running
average must be at or below to be considered potentially dysfunctional. The Duration is
the number of consecutive submissions that the running average must not exceed the
threshold. Table 3 illustrates the phenomenon starting at submission 13.
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Table 3. Example of Running Average Calculations
Submission

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

Length
50
50
50
105
92
94
94
94
96
100
94
94
99
104
93
93
98
98
104
104
104
104
71
72
76
82
88
94
100
106
112
48
48
51
95

Delta

Running Avg

n/a

n/a
n/a
n/a
n/a
n/a

0
0
55
-13
2
0
0
2
4
-6
0
5
5
-11
0
5
0
6
0
0
0
-33
1
4
6
6
6
6
6
6
-64
0
3
44

14
14
14
3
2
2
2
3
4
5
4
5
4
4
2
2
1
8
7
8
9
10
5
6
6
6
18
16
16
23

LH Detected

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

The running averages for the current and the previous four submissions all fall below or
at the threshold of 5. It is submission 13 that marks the first incident or episode of LH
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that the algorithm identified from this data stream. The running averages that are at or
below the threshold are highlighted in yellow.
This is the first instance where the average of the last 5 deltas (Window) was at or
below 5 (Threshold). The alert for learned helplessness or a dysfunctional coping episode
would be triggered on submission 13. Submission 13 would be the fifth consecutive
submission (Duration) where the running average was at or below 5. The formula for
calculating the running average used in the 5/5/5 rule is provided in Figure 6.

Figure 6. Running Average Calculation.

The algorithm was designed to calculate the volatility or degree of change in submissions
made by the learner in real time. The “volatility” is a reference to the running average
which would indicate if the learner were in danger of experiencing a dysfunctional
episode. There are two processes that need to be completed within the working of the
algorithm. The first is the calculation of the delta, which is discussed above. The second
is averaging the delta for a fixed number of submissions. Since the delta is used to
measure increases and decreases in the size of the submissions, the absolute value of the
delta is used in calculating the running delta average with the result rounded to the
nearest whole number. The empirically derived test factor was 5. Figure 7 contains the
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pseudo code to calculate the running delta averages and trigger the alert based on the
5/5/5 rule. Table 3 provides an example of the algorithm in process that was presented
in figure 5 “Speculative Approach for Submissions”. The columns of most interest, that
are critical to the 5/5/5 process, are “Delta” and “Running Avg”. The delta from last
submission is the change in character count between the current submission and the last.
The value “n/a” indicates a value was not available. The first delta available is on the
second submission and the first average calculation could not be made until the sixth
submission. The running averages are up and down, but when the average is <=5 for 5
consecutive submissions, the instructor is alerted that the learner appears to be stuck. The
table represents any running average at or below the threshold of 5 in yellow until there

Figure 7. Pseudo Code for 5/5/5 Rule.
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are five consecutive averages; they are represented in red. It is on these red submissions
that an alert is triggered.
The algorithm, thus developed provides an alert in real-time that a learner appears
to be “stuck” and may require an intervention. A running average provides the needed
smoothing to account for “identical and nearly identical” submissions. For example, a
nearly identical submission may be a student repeatedly deleting and retyping a reserved
word or parameter. The change may be more than 5 characters, but it is “nearly identical”
and averages out to less than 5. This is represented in the table for submission 28, the
running average enters the threshold range, but because it was not sustained for a
sufficient period, an alert is not generated.

3.2 Hypotheses
People have varying levels of resistance to stress and adopt different coping
strategies. An exam is a high-stakes, and for many learners, a highly stressful event.
Learned helplessness is described as the development of or vulnerability to depression
which espouses that people repeatedly exposed to stressful situations out of their control
tend to be unable to make decisions or demonstrate purposeful behavior [9]. Learners
with a low resistance to stress often adopt dysfunctional coping strategies, such as
behavior disengagement and avoidance [32]. In the context of learning SQL with a CAL
tool, this could be manifested as repeatedly submitting identical or nearly identical SQL
statements and appearing to expect an external force or agent to intervene. Therefore, the
following hypotheses are proposed.
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H1: Students identified by the algorithm during an exam as having one or more
episodes of dysfunctional coping will tend to have low levels of resilience to
feelings of helplessness.
H2: Students identified by the algorithm during an exam as having one or more
episodes of dysfunctional coping will tend to have a higher propensity towards
learned helplessness.

In this study, Learned Helplessness is proposed as a lens for understanding the
propensity of some learners to adopt a dysfunctional coping strategy and to develop an
algorithm that can alert the instructor that an intervention may be required. The
hypotheses proposed above will be empirically tested via an experiment. The details and
design of this experiment are discussed in the next chapter.
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CHAPTER IV
METHODOLOGY

This research project examines whether an algorithm can be developed that
identifies episodes of Learned Helplessness, specifically episodes of exhibiting
dysfunctional coping strategies, while a learner is solving SQL problems in a CAL tool.
Chapter III documented the development of the algorithm and expected results. To
validate the algorithm, research will be conducted in a mixed methodology approach. The
use of Quantitative and Qualitative methods will be exercised to show rigorous efforts to
support the research question.

4.1 Mixed Methodology Approach: an Overview
The mixed methodology is not a new approach. There has been research that the
combined quantitative and qualitative research methodologies to provide a stronger
understanding and support for findings [33]. The combination of the social observations
and the constructivist can both play a part in the same research paradigm. The two
methods will be described later in this chapter. The research encompasses the SQL
Exercise System or CAL tool and the data it collects as well as the survey tools designed
to identify the propensity toward learned helplessness. The CAL tool provides the data
and context for the qualitative research. The survey tools assist the quantitative method.
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4.1.1 CAL Tool: SQL Exercise System
The SQL Exercise System is a web-based CAL tool that allows students to
practice writing SQL queries. It is designed as a drill and practice method of instruction.
The interface provides for systematic repetition of concepts, examples, and practice
problems. In addition, it provides structured feedback based on interaction with the
learner. The goal of the CAL tool is to encourage iterative development of a solution by
enabling iterative submissions and providing access to all previous submissions. The
interface is described below.
Figure 8 contains a screenshot of the CAL tool as seen by the learner. Across the
top of the interface are three integrated drop-down menus that allow the learner to select
their course, class, and assignment. Once this is selected, the database schema and
exercise list are populated. When a learner selects an exercise from the list, the most
recent submission for that exercise for that learner is populated in the text area above the
collection of tabs. If the learner has not submitted a previous SQL statement, the text area
is blank. The learner can navigate through the exercises in an arbitrary order. There is no
forced ordering. The first tab contains instructions for the exercise. The second tab
contains the result of the learner’s SQL expression (if any). The third tab (Correct)
displays the correct or desired result set. In this way, the learner can toggle among the
three tabs to review the instructions, review their own result set, and the correct result set.
This layout is designed to encourage learners to incrementally develop their own
solution. The fourth tab (Key) displays the correct or desired SQL expression if enabled
by the instructor. The fifth tab (Hint) displays any additional information the instructor
has provided to assist the learner. The Hint tab can be updated dynamically during an
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exam if the instructor wishes to post a hint to the entire class. The “Run” button submits
the learner’s SQL statement the database. The text area will contain either the result set of
the learner’s SQL statement, or an error message. If the correct result is obtained, the
learner will receive a checkmark next to “Result”. Otherwise, an “x” is displayed. In this
way, the learner knows when a correct result has been obtained.

Figure 8. SQL Exercise CAL Tool Interface.

The History tab displays a complete, chronological listing of submissions by the learner
(Figure 8). This listing was referred to in Chapter III as the “submission stream” for an
exercise. Figure 9 is what the learner would see if the history tab were selected and
clicking “Select” populates the text area or working query editor with the selected
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previous SQL statement. The “Correct” indicates whether the previous SQL statement
rendered a correct result. The SQL Expression tab label includes the submission count.

Figure 9. SQL CAL Tool Historical Interface.

This information is interpreted different ways by learners. Some learners see it as
a challenge to get the correct result in as few clicks as possible. Other learners see it as a
measure of how much time they have spent on an exercise and it helps them decide if
they need to move on to another exercise and come back to it. For the instructor, it
provides a visual cue that the learner may be struggling or stuck. In this study, as
described in Chapter III, this count was averaged across all learners in the study data set
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to compute the complexity for a query exercise. SubmitTime from Table 1 and Figure 9
represents the timestamp value of when the SQL statement was submitted. From an
iterative development perspective, a goal of the History tab is to encourage the learner to
go back to a previous submission that perhaps worked but did not render the correct
result, that is, go back to a branch in their thinking and take a different path.

4.1.2 Goal of the Study
The CAL tool provides a starting point for improving the learner’s
experience and outcome. The core qualitative data for this study was the completion of
seventeen SQL exercises or questions on a timed SQL exam in a third-year college
course, “Database Design and Development” [3]. This was the learner’s actual exam in
the class. Eight of the exercises contained JOIN operations. The SQL Exercise System
operates in exactly the same way whether the learner is working on a homework
assignment or an exam except that during an exam, only the exercises on the exam are
accessible. When the examination time period elapses, the exam exercises become
inaccessible. In every regard, the learner’s participation in the study was no different
whether they opted in or out of the study. As will be described below, data collection was
completely unobtrusive.

4.2 Qualitative Component
The qualitative portion of the study was done by expert review. The threemember review panel were responsible for analyzing the data collected from exams given
using the CAL tool in two database classes or sections during a single semester term.
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The reviewers were presented with the complete data submission stream or data stream to
review. The reviewers focused on the data streams from Group 1, which is the group that
was identified by the algorithm as experiencing a dysfunctional coping episode or learned
helplessness.

4.2.1 Reviewers
The three reviewers who made up the review panel were qualified for this specific
task based on their experience using the SQL Exercise system and general knowledge of
SQL. The researcher was the initial reviewer and provided the full data stream sets to the
rest of the panel. The researcher’s qualifications include more than thirty years working
in the commercial arena designing, developing, and maintaining SQL solutions. The
researcher has served as an Adjunct Instructor and taught this course over a period of five
years. The researcher is acutely aware of the inner working of the CAL tool. The second
reviewer is an Associate Professor with over twenty-four years of experience in
designing, developing, and using relational and non-relational database systems. He has
taught Database Design and Development courses for over eight years. The last member
of the panel has over thirty-six years of experience in design and development and
twenty-seven years teaching. He developed the CAL tool used in this study. The first
iteration of the SQL Exercise System was developed in 1996.

4.2.2 Measures
The panel conducted a qualitative review of the data streams that were identified
by the algorithm. The panelists determined if a given data stream contained an episode of
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learned helplessness. The determination is Boolean: yes or no. The determination was
based on their experience working with SQL as well as their in-class teaching
experiences. The determination that is needed is, based on the information provided by
the data stream and personal experiences teaching the course of study, would the
reviewer concur that the learner or student was experiencing an episode of learned
helplessness?

4.2.3 Analysis Plan
The goal of the analysis is to assess the accuracy of the algorithm in identifying
episodes of learned helplessness. All three panelists must identify a given episode as
exhibiting Learned Helplessness for the data stream to be counted as containing at least
one episode of learned helplessness. Episodes that are only identified by one or two
panelists will result in the data stream being considered a false positive. The false
positive data stream would remove that episode from consideration as a member of
Group 1.

4.2.4 Results
The results for this segment determine Group 1 membership, that is, learners who
were identified by the algorithm as experiencing learned helplessness. The results of the
analysis will also be used to identify any false positive incidents. All data streams that are
identified as part of Group 1 would be reviewed by the panel to validate each stream.
Any data stream that was determined not to represent learned helplessness would be
considered a false positive identification by the algorithm.
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4.3 Quantitative Component
The second portion of the research was the quantitative section. The data gathered
from this component would be used to identify the members of Group 2. This group
contains the participants who self-reported a tendency to learned helplessness on the
survey instrument. The survey was administered within ten weeks of the exam being
completed.

4.3.1 Participants
The participants in this portion of the study were limited to only members of the
two class sections. This is the same group of learners whose data were included in the
qualitative study. This was done to ensure that the two studies were conducted with the
same participants. Participation was solicited by the instructor. Participation was entirely
voluntary, with a gift card from a national coffee shop offered as an incentive. The
incentive was valued at $8 with a limit of one per participant. The class instructor
encouraged learners to participate and provided the link to the survey. However,
participation was optional. Even if the learner agreed to have their exam data analyzed as
part of Group 1, they could decline to participate in the survey portion. If a learner
declined to participate in the survey, they were excluded from the study. The consent
form presented to the learners for the survey can be found in Appendix E. The survey
results were collected and deidentified so that the learner could not be directly or
indirectly identified by the results. As part of this process, the learner was identified using
a non-identifiable key shared with the examination data. The survey instrument is
described in detail in the next section.
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4.3.2 Measures
The Survey instrument is a combination of two surveys, the Student Behavior
Checklist (SBC) and the Coping Competence Questionnaire (CCQ). The SBC consists of
24 items scored on a five-point Likert scale ranging from 1 = “Very True” to 5 = “Not
True”. The SBC is designed to gauge two classifications. The first is LH or specifically
the propensity for LH. The second is to identify the person’s motivational objectives
(MO) which is seen as a part of LH as described by Yates [22]. The two segments each
contained 12 questions.
The CCQ was developed by Schroder and Ollis [34] to associate identifiable
characteristics of LH to coping patterns. The CCQ is a 12-item questionnaire that is
scored on a six-point Linkert scale ranging from 1 = “Very uncharacteristic” to 6 = “Very
characteristic”. The combined instrument consists of 36 items that are analyzed from
three perspectives: SBC-LH, SBC-MO, and CCQ-LH. The original survey instruments
can be found in Appendices A and B.

4.3.3 Analysis Plan
The quantitative analysis involved three subcategories: SBC-LH, SBC-MO, and
CCQ-LH. The SBC provided a granular view of their questions, specifically as to what
the question was attempting to isolate. There were two characteristics that were
identified. The propensity for learned helplessness (SBC-LH) and the degree of mastery
orientation (SBC-MO). The MO is the drive or focus of someone who develops new
skills [35]. People who have a higher factor of MO tend to enjoy figuring out how things
work, are self-starters and enjoy building new skills. The CCQ is solely focused on
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identifying the propensity toward learned helplessness. The three subcategories were
used as a range indicator of a propensity towards learned helplessness. Individual scores
will be compared to the mean value for each subcategory. Note that CCQ is reverse
coded.

4.4 Experimental Design
The experimental design consisted of comparing two results of the two research
methods. The qualitative component identified the first group (Group 1) of learners who
were identified by the algorithm as having exhibited one or more episodes of learned
helplessness during the exam on exercises containing a JOIN operation. The second
group (Group 2) was the learners who self-reported an above average propensity towards
learned helplessness and a below average level of resilience to helplessness. Support for
hypotheses I and II derives from the degree to which these two groups contain the same
learners. That is, the primary measure is, did the learners the algorithm identified as
exhibiting learned helplessness subsequently self-report a tendency towards learned
helplessness?
The exam data for identifying Group 1 learners was exported from SQL Exercise
System by the instructor of the class and de-identified. The researcher was unable to trace
an SQL submission back to an individual learner. The algorithm as depicted in Chapter
III was run against each data stream for each JOIN query for each learner in the exam.
The data stream was processed to remove all whitespace from the submissions. This was
done to remove any variance of the deltas generated due to formatting or spacing within
the submission text area. The algorithm produced a sequential analysis of the learner’s
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submissions for the exam. The resulting data set (Group 1), was a list of
ExerciseID/PersonID pairs for which the corresponding submission stream was identified
by the algorithm as containing at least one episode of the dysfunctional coping strategy.
The data produced by the algorithm can be found in Appendix C.
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CHAPTER V
DATA ANALYSIS

5.1 Participants
Participants in this study were undergraduate students at the University of South
Alabama. The pool of potential participants was relatively small with 35 learners in the
qualified pool. 94.2% of learners participated in the research, that is, 33 out of 35. There
was no demographic data collected from the questionnaire related to the participants.
Each participant was given a unique identifier that was known only to the researcher.
This identifier was used to associate the participant with the data stream recovered from
the SQL CAL Tool for review.

5.2 Algorithm Results
Summary statistics for Group 1 learners are provided in Table 4. These data only
include exercises for which the algorithm identified at least one episode of learned
helplessness and the exam question required a JOIN operation. The data are organized by
exam question or exercise. The data contains the seven exam questions from the exam
pool that were designed to assess the learner’s knowledge of the JOIN operation and were
identified as having at least one episode of Learned Helplessness. The table presents two
distinct groups, Group 1, consisting of meta data for all learners that exhibited learned
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helplessness for the specific question. Group 2 is the metadata for learners who did not
exhibit the same characteristics, meaning no learned helplessness was identified by the
algorithm. Within each group, the data are separated into three metrics or values. They
are Learner Count, Avg Submissions, and Avg Time (Min). The learner count is the
number of learners in that group for the exam question which is identified as the ExID
(Exercise Identifier). The avg submissions is the average number of submissions for the
given question or exercise for all learners that are part of that group.

Table 4. JOIN Exercises Identified by the Algorithm
LH Identified (Group 1)

No LH Identified
Complexity

ExID

Learner
Count

Avg
Submission

Avg Time
(Min)

Learner
Count

Avg
Submission

Avg Time
(Min)

Avg

Median

1366

1

20.0

9.5

34

5.7

6.3

6.1

5

1367

3

18.7

10.7

32

7.7

7.2

8.6

6

1368

4

22.8

13.9

31

8.3

7.8

9.9

7

1375

3

26.0

15.3

32

7.0

5.9

8.7

4

1402

3

25.7

19.7

32

5.1

5.2

6.9

4

845

2

20.5

18.4

12

7.7

9.1

11.6

13

846

1

22.0

12.1

13

16.5

12.9

16.9

16.5

An example would be for ExId 1367 in Group 1, there were 3 learners identified by the
algorithm, and they completed the exam with an average number of submissions for that
question at 18.7. The average time is much the same except, the time spent on the
question is the value averaged. The same calculations were produced for all learners who
did not present indications of learned helplessness. The table also provides the combined
average number of submissions and the median number of submissions as a measure of
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complexity. Note, the table has been adjusted to remove information for students who did
not submit a survey.
The exam question pool of 17 questions contained eight questions with a JOIN
operator. Of the eight questions, the algorithm identified seven as having at least one
instance of LH according to the 5/5/5 rule. Those seven are represented in the table
below, Table 4. All table-based calculations were completed using Microsoft® Excel®.

5.3 Survey Results
The summary statistics for the survey results are provided below. Note this is a
summative scale so the self-reported min and max scores must be considered within the
range of each scale. The Minimum score is 12 for all portions of the survey. The
maximum for LH and MO is 60 while the maximum for CCQ is 72. The standard
deviation is quite large because there are several outliers. Table 5 provides descriptive
statistics gathered during initial analysis of the survey results.

Table 5. Survey Descriptive Statistics
Survey Responses 33 of 35 Learners

Subscore

Min
Score

Max
Score

Mean

Median

Standard
Deviation

LH

14

40

26.7

28

6.14

MO

35

56

48.5

48

4.93

CCQ

24

71

52.4

52

4.93

Given the number of outliers in the data set, the median was used as the average
for the sample. The scoring of the CCQ factor required reverse coding [22]. Unlike the
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LH and MO results, the CCQ must be reviewed with the perspective that the lower scores
represent learners most likely to develop strong coping strategies. In order to test the
hypothesis that learners in Group 1 tend to have a higher propensity to Learned
Helplessness and a lower measure of coping skills, the data for Group 1 and Group 2
were compared. Group 2 membership is defined as those learners who had a summative
score equal to or greater than the median for the entire sample for the LH and MO
portions of the survey. Group 2 membership also includes those learners who had a
summative and reversed score equal to or less than the median for the entire sample for
the CCQ section of the survey.

5.4 Hypotheses Testing
Table 6 includes data for learners in Group 1, that is, all learners for whom the
algorithm identified at least one episode of learned helplessness. Several learners were
marked has having episodes in two exercises. An “X” in the columns indicate the
learner’s summative score was equal to or greater than the median score for that portion
of the survey. In other words, if a learner has an “X” in a column, that learner is in both
Group 1 and Group 2 for that portion of the survey.
One test of the hypotheses in this study is an assessment of the accuracy of the
algorithm in identifying learners who have a tendency towards learned helplessness and
low resilience to helplessness. The algorithm is attributed an accuracy of 82% because
of the number of incidents of learned helplessness found where the learner self-reported
learned helplessness from one or more perspectives. Of the 17 instances identified by the
algorithm only 3 of those did not indicate that the learner self-reported. The accuracy will
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never be perfect because a learner with a high propensity to helplessness may have
learned to adopt functional coping strategies and mastered the skills on the exam.

Table 6. Group 1 and Group 2 Comparison
LearnerID
3029
3032
3035
3037
3047
3049
3051
3053
3060
3063
3067
3086
Accuracy

Group 1
ExerciseID
1368
1368
1402
1367, 1375
1366, 1368
845, 1367
1402
846
1367, 1375
1368
845, 1402
1375
82%

CCQ
X

X
X
X
X

Group 2
MO
X
X
X
X
X

X
X

50%

X
X
67%

LH
X
X
X
X
X
X
X
X

67%

Or a learner with a low propensity may have not mastered the skills and have been under
stress for wholly unrelated reasons and adopted dysfunctional coping strategies.
However, it is reasonable to expect there will be some correlation if the algorithm has
validity in terms of identifying behaviors associated with learned helplessness. The data
in Table 6 show that the strongest accuracy is with MO and LH at 67% in Group 2. CCQ
had the weakest correlation at 50%. Taking the number of episodes identified as a whole
(n=17), 14 of those episodes were identified with at least one portion of the survey that
was equal to or greater than the median score for an overall accuracy of 82%.
Another assessment of the algorithm’s accuracy is the degree to which experts
agree with the algorithm’s results. To that end, research panel, reviewed all 17 episodes
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identified by the algorithm as learned helplessness to determine if they agreed with the
results of the algorithm The research panel unanimously and independently concluded
that 5 of the 17 episodes were falsely identified as learned helplessness. This resulted in a
11% increase of accuracy based on the panel review.
The reasons for mis-identification by the algorithm required looking at the context
of the learner’s behavior. In one case, the learner quickly and correctly constructed the
JOIN portion of the query, but spent a lot of time and numerous submissions making
trivial changes to the syntax of the DATE function. The learner eventually figured out the
error and quickly completed the exercise. In other words, this was not a logical error but a
SQL error. The explanations for the other four mis-identifications were similar. The
learner appeared to have a firm grasp of the concept of a JOIN, but spent time tweaking
either a syntax or SQL error.
The comparison of Groups 1 and 2 was conducted again excluding the episodes
labeled as mis-identified by the research panel. The revised comparison is in Table 7.

Table 7. Group 1 and Group 2 Comparison: Revised
StudentID
3029
3032
3037
3049
3051
3060
3067
3086
Accuracy
% change

ExerciseID
1368
1368
1367, 1375
845, 1367
1402
1367, 1375
845, 1402
1375
92%
11%

CCQ
X
X
X

38%
24%

MO
X
X

LH
X
X
X

X
X
X
X
75%
11%
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X
X

63%
6%

Excluding the 5 mis-identified episodes, the accuracy of the algorithm improved in all
three portions of the survey. In addition, only one learner with an algorithm identified
episode was below the median for all three portions of the survey.
The relative magnitude of the three portions of the survey remained consistent.
CCQ continued to have the lowest accuracy and MO the highest. The overall accuracy
improved 11% when the mis-identified episodes were removed.

5.5 Analysis Conclusion
The results of the study showed strong support that the 5/5/5 algorithm identified
instances of learned helplessness. Even with the false positives, the ability to identify
when a learner is struggling was evident. Some refinement to the algorithm could reduce
the false negatives, but the analysis suggests the algorithm succeeded. The questions that
still linger with the researcher are where to go from here.
In Chapter III, two hypotheses were presented. The first proposed that the learners
identified by the algorithm would have a lower resilience to feelings of helplessness. In
other words, the learner would find it harder to recover from these feelings of learned
helplessness as measured by the SBC. Table 7 indicates that those students identified by
the algorithm after the false positive learners were removed. The table also indicated that
all members of Group 1 also self-reported a propensity toward learned helplessness with
respect to the SBC results. Though the scoring was not perfect, the reporting from the
MO and LH perspective indicated an agreement to the algorithm. The MO scores
indicated that 75% of the learners scored in the first standard deviation range. The LH
scores indicated that 63% of the learners from Group 1 also scored in the target range.
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The second hypothesis suggested the learners identified by the algorithm would
have a higher propensity toward learned helplessness. This was measured by the results
of the CCQ, where the higher scores from this self-reporting survey indicated a tendency
toward learned helplessness. The results of the CCQ did not reflect the expected results.
Of the eight learners identified in Table 7 that formed Group 1, only three or 38% of
them scored high enough to be classified as having a propensity toward learned
helplessness.
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CHAPTER VI
CONCLUSION

6.1 The Effectiveness of the Algorithm
The motivation for this study was the need to alert instructors that a learner may
need an intervention to get unstuck or reengage while attempting to solve an SQL
problem in a CAL tool. Based on an initial review of historical submission streams, a
pattern emerged consistent with a learner becoming stuck on a SQL problem. This
potential identification of a stuck learner provided a preliminary indication of LH. The
submission patterns of the learners were viewed as a dysfunctional coping strategy as a
result of not understanding how to move forward toward a solution. This study provides
evidence that an algorithm can be developed that effectively identifies instances where a
learner requires an intervention and that these instances are indicative of episodes of
dysfunctional coping strategies associated with Learned Helpless behaviors.
The effectiveness of the algorithm was measured in terms of how accurately it
identified episodes of dysfunctional coping associated with Learned Helplessness. This
involved comparing the intersection of two groups of learners: the group of learners
identified by the algorithm as exhibiting Learned Helplessness (Group 1) and the group
of learners who self-identified as having a propensity towards Learned Helplessness
(Group 2). Accuracy, therefore, is described as the degree to which these two groups
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contained the same learners. The qualifier “the degree to which” suggests there is not an
objective cut-score or threshold value for accuracy. At the most unrestricted level of
analysis, the algorithm exhibited 100% accuracy. That is, all the learners in Group 1 selfidentified as having a propensity to Learned Helplessness on at least one dimension of the
survey. However, if initial comparisons of the two groups showed that all of the members
in group 1 were also members of group 2. Group 2 contains those learners who
completed the survey and whose scores indicated a propensity toward learned
helplessness or dysfunctional coping strategies. Group 2 is separated into three
categories, if accuracy were measured by the intersection of group 1 and each category of
group 2, the LH and MO categories would reveal a 67% accuracy. If the two categories
were combined the accuracy would be 100%. Even in the revised group comparison, the
two categories would remain at 100% when combined. The third category was the CCQ,
which provided a 38% accuracy when it was viewed alone with group 1.
Given the motivation of the study, another way to think about effectiveness is in
terms of usefulness. If it is concluded from the analysis that the accuracy of the algorithm
is somewhere between 67% and 100%, is that accurate enough to be useful to the
instructor? In the effort to educate others, educators should constantly be looking for
opportunities to improve the environment for the learner. If the algorithm successfully
identifies a situation where a simple intervention could result in the success of the
learner, then that opportunity should be explored. The outlook of education should
always be a win-win situation. The learner wins with a stronger foundation for success,
the educator and the education system win whenever a learner recognizes that persistence
and effort is needed in their drive for success. Sometimes these opportunities lead
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nowhere, but even these cases can provide insight into ways to strengthen the foundation
for success. There will be the false positive opportunities that are presented, but the need
to explore it is still there.
Of the initial 17 dysfunctional episodes identified, five were determined through
expert review to be false positives. False positives seem inevitable because logic errors
are only one of three types of errors identified in this study. The algorithm is not designed
to distinguish among the types of errors. As defined in this study, this represents an
inaccuracy because the learner did not exhibit learned helplessness. However, it does not
rule out the appropriateness or possible helpfulness of an alert at this time. From the
perspective of the instructor, what does the false positive mean? What would the
instructor do if there was an alert provided when a learner was having an issue with
Syntax, like the DATEADD() or DATEPART() functions? A general intervention such
as a “Hint” could suffice to break the learner out of their situation. Or the instructor
could, for example, provide additional exercises for a complex function that is causing
the alerts. This perspective asserts that the false positive could be helpful to the learner in
securing a positive or successful outcome.
False positives provide useful information for improvement of the overall system,
from instruction through testing. Over time, the instructors and researchers should make
an effort to continuously examine the results of the algorithm. Thought should be put into
the success as well as the failures that are uncovered. Failures in the form of these false
positives should be viewed in different ways. One, is the false result due to the study
habits of the learner? Did they not build a strong enough foundation on the needed skills
to succeed? Or two, is the algorithm configured in a way to generate false positives too
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easily? If the problems experienced over time were categorized by skill or topic, the
magnitude of problems areas can be exposed and corrected. One instructor may see a
problem topic like “GROUP BY” with the root cause relating to a missing
“AGGREGATE” function, but what if instructors regularly see one or two per exam?
This is the information that is needed to change curriculum to increase the ability of
success in the learner.
The algorithm as depicted in Figure 6 and illustrated in pseudo code in Figure 7,
is a generalized solution and can be implemented in any CAL that records a real time data
stream similar to the SQL Exercise System. Most CAL tools should be able to
implement the algorithm into their models. The performance impact would be minimal
and could easily be written in either the user interface (UI) codebase or in the background
database. The hardest part to implement will be the UI changes needed to allow the
intervention. A conditional check would be needed to determine if the UI is in practice or
homework mode. This should be the default environment where intervention would be
allowed. The test or examination mode would not have the intervention functionality
enabled. Depending on the needs of the organization, this could be configurable as just in
time switch to enable in the test mode. If the learner is part of an in-person learning
environment, then the instructor could just walk over to provide the help needed to rectify
the situation. In today’s world where remote learning is the norm, the UI would be the
most logical location or method to intervene. This would be a huge effort and would
require much support from instructors as well as administrators. Change is sometimes
needed, but it may not come easy.
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6.2 Limitations
A major limitation of the study is the small sample size for the experiment.
However, the sample submission data streams used to develop the algorithm spanned
over more than ten years of archival data, albeit without the supporting survey data.
No review was conducted to determine if the algorithm missed any episodes of
LH in the study data set. The study reviewed and identified the “false positive” incidents,
but no attempt was made to review the data to identify “false negatives”. The study only
reviewed the submission stream of the learners that were reported by the algorithm as a
dysfunctional coping episode. A more rigorous experimental design would have been to
have the expert reviewers apply all data streams independently of the algorithm and
compare the results prior to comparing Groups 1 and 2.
This study was exploratory in nature and should be viewed as a pilot test. The
ability to compare the two groups through a larger set of learners is both a setback and an
opportunity.

6.3 Future Directions
Where to go from here? What an interesting question, but the answer could be
more interesting. There are some initial things that should happen. The test should be
expanded to a larger set of learners. The survey should be conducted soon after the
completion of the exam. Existing data suggests highly effective results within one month,
with slightly less at two [33]. This would greatly increase the probability that the learner
would be able to engage with the survey and represent accurately their experiences
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during the exam. The larger set of participants would directly impact the validity of this
pilot.
The results of this study suggest the algorithm is identifying episodes of
dysfunctional coping strategies and therefore, learning outcomes could be improved if the
algorithm were implemented in the CAL tool. The level of improvement would be
directly dependent on the method or degree of intervention that was offered. The SQL
CAL tool should be changed to integrate this algorithm for future use. The results of the
algorithm support the need of intervention in the case of this CAL tool. The question is
how would that intervention be achieved? The tool does not have a messaging or alert
notification feature in it. Initially, an external tool may be used to provide such
capabilities, but there would be questions as to what features would be needed. From a
very basic needs perspective, the communication stream would need to be controlled so
that the learners could communicate to the instructor and not each other. Conversely, the
instructor would need to have the ability to direct messages to one or all learners.
What type of intervention would work best? Based on anecdotal data from
instructors using the system, directed messaging would be the best solution. One area of
possible intervention is when the learner is struggling with syntactical issues like the
DATEADD() function. One possible avenue of research is the application of machine
learning to review the possible reasons for the learner exiting or entering into a
dysfunctional state? As discussed earlier there are three basic possibilities, SQL Syntax
error surrounding a built-in function, a logical error where the submission is successful
but the results are incorrect, or lastly the submission is formed in a fashion that it cannot
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be processed. If the type of issue the learner has encountered can be determined, the
system could store or prepare responses to help the learner break out of an episode.
To make the algorithm flexible, it should be tunable. In this study, the tunable
parameters were set based on an empirical review of historical data. The instructor could
set the bounds of the algorithm based on their knowledge of the learner’s abilities, subject
matter, and the perceived difficulty of the exercises included in the examination question
pool. They would be most aware of the abilities of the learners as well as the difficulty
level of the exercises. The institution or developer of the tool may set the initial or default
tuning parameters of the algorithm, but that may prove to be ineffective depending on the
learners’ foundational knowledge. In either case, the subject matter and the perceived
difficulty would and should be considered when tuning the algorithm. The instructor or
some other subject matter expert should be able to present an argument for tuning the
algorithm based on experience or by experiment. Either way, the tuning is a vital part of
ensuring success of the learner.
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APPENDICES

Appendix A: CCQ Survey Instrument
For each item, mark the answer that indicates the best response. The meaning of the
numbers is as follows:
1
2
Very
uncharacteristic of me

3

4

5

6
Very
characteristic of me

Read the items carefully, as they ask about several different aspects of coping
competence.
1
2
3
4
5
6
7
8
9
10
11
12

Question
I become easily discouraged by failures
When my performance does not satisfy, I start to question my
abilities
I often feel unable to deal with problems
Failures can shake my self-confidence for a long time
When I am confronted with unusual demands, I feel helpless
When I do not immediately succeed in a project, I quickly lose
hope for a good outcome
When I can’t solve a task, I blame my lack of abilities
When I fail at something, I tend to give up
When my work is criticized, I feel depressed
I often feel overpowered by obstacles or troubles
I lose faith in myself when I make mistakes
If I do not instantly succeed in a matter, I am at a loss

61

1

2

3

4

5

6

Appendix B: SBC Survey Instrument

Key
Items:
Learned Helplessness
Mastery Orientation

1, 4, 6, 8, 9, 12, 14, 17, 18, 20, 21, 23
2, 3, 5, 7, 10, 11, 13, 15, 16, 19, 22, 24

For each item, mark the answer that indicates the best response. The meaning of the
numbers is as follows:
1
not true

2

3
somewhat or
sometimes true

4

5
very true

Read the items carefully, as they ask about several different aspects of behavior.
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Question
1
2
3
4
5
6
7
8
9
10
11
12

13
14
15
16
17
18
19
20
21

22
23
24

1

Prefers to do easy problems rather than hard ones.
Expresses enthusiasm about his/her work.
When s/he encounters an obstacle in his/her work, s/he works to overcome
it.
Takes little independent initiative; you must help him/her to get started and
keep going on an assignment
In general, s/he expects to do well on schoolwork (rather than expecting to
do poorly and expressing surprise at each success)
When s/he fails one part of a task, s/he looks discouraged - says s/he is
certain to fail at the entire task
Tries to finish assignments, even when they difficult
Makes negative or degrading comments about his/her ability when s/he
performs poorly
Gives up when you correct him/her or find a mistake in his/her work
In general, attempts to do his/her work thoroughly and well, rather than
just trying to get by
If asked why s/he received a poor grade, s/he is likely to say something
about trying harder (e.g., “I didn't concentrate enough that time”)
After failing a few problems on an academic task, s/he continues to do
poorly on remaining problems even though they are within his/her ability
range
Prefers new and challenging problems over easy problems
Asks for help from aides, other students, or yourself on academic tasks
more than is necessary
When you point out a mistake s/he “takes it in stride”, tries to correct the
error, and continues to work
Can see that s/he is proud when s/he receives a good grade or when his/her
work is praised
When s/he begins a difficult problem, his/her attempts are half-hearted
Does not respond with enthusiasm and pride when asked how s/he is doing
on an academic task
When s/he does badly on one part of a task, s/he still expects to perform
well on the rest of the task
Says things like “I can't do it” when s/he has trouble with his/her work
When given a good grade, s/he does not believe s/he really can do that
subject - says, for example, that you were being nice, the problems were
just easy, or s/he was lucky
When experiencing difficulty s/he persists for a while before asking for help
When s/he encounters an obstacle in schoolwork s/he gets discouraged and
stops trying. S/he is easily frustrated
When s/he receives a poor grade, says s/he will try harder in that subject
next time
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3

4

5

Appendix C: Data Generated During Algorithm Processing.
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Appendix D: IRB Approval
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Appendix E: Survey Invitation
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Appendix F: C# Code Sample for 5/5/5 Rule

// How many submissions in the Running Average
int iWindow = 5;
// What is the threshold or max for the running average?
int iThreshold = 5;
// How many consecutive Running Avgs <= iThreshold needed to Alert?
int iDuration = 5;
// Boolean variable used to identify if LH is suspected.
bool LHCondition = true;
int[] DeltaCollection = new int[iDuration + iWindow];
if (subCount.Rows.Count >= (iDuration + iWindow))
{
for (int i = (subCount.Rows.Count - (iDuration + iWindow));
i < subCount.Rows.Count; i++)
{
if (i == 0)
DeltaCollection[i] = 0;
else
DeltaCollection[i] = Math.Abs(subCount[i][SubmissionLength] –
subCount[i-1][SubmissionLength]);
}
for (int x = (DeltaCollection.Length - iWindow);
x < DeltaCollection.Length; x++)
{
int subTotal = 0;
for (int y = 0; y < iWindow; y++)
{
subTotal += DeltaCollection[x-y];
}
if ((subTotal / iWindow) > iThreshold)
LHCondition = false;
}
return LHCondition;
}
else
return false; // Not enough submissions to calculate

75

BIOGRAPHICAL SKETCH

BIOGRAPHICAL SKETCH
Name of Author:

Noel Williams

Graduate and Undergraduate Schools Attended:
University of South Alabama, Mobile, Alabama
William Carey University, Hattiesburg, Mississippi
University of Southern Mississippi, Hattiesburg, Mississippi
Mississippi Gulf Coast Community College, Gulfport, Mississippi

Degrees Awarded:
Master of Science in Computer and Information Sciences,
University of South Alabama, 2009
Master of Business Administration,
William Carey University, 1991
Bachelor of Science in Business,
William Carey University, 1989

76

